To shed light on the knowledge-intensive innovation process of teams, we examine how teams broker heterogeneous knowledge to create innovations and how status subsequently drives the impact of the innovation. We test our hypotheses on 716 publications in top-tier marketing journals between 2000 and 2005, using two publication databases. Our findings show that highly novel innovations are achieved by teams that have medium levels of brokerage opportunities and that this effect is mediated by the informal hierarchy in the team. Teams with a flat hierarchy perform best with limited brokerage opportunities while teams with a steep hierarchy perform best when an excess of brokerage opportunities is present. Furthermore, we validate the bias against novelty and show that it can only be mitigated by high status teams.
INTRODUCTION
The process of creating an innovation transformed from a local and individual to a distributed and collective effort. Lonesome innovators with paper and pencil pushing the boundaries of knowledge and technology are a thing of the past (Beaver, 2001) . Today large, distant and well-connected teams with heterogeneous knowledge are deployed to develop innovations. But teams are not only the social norm to manage the complexity of innovation; they also create more novel and useful innovations (Wray, 2002) .
The shift to collaboration and its effect on the innovation process are well documented in the literature spanning studies in different organizations, regions, and domains. De Solla Price (1963) forecasted as early as the 1960s that collaboration would become the social norm of innovation in chemistry research by the 1980s. Wuchty et al. (2007) This paradigm shift is mainly driven by technological opportunity and scientific necessity.
Technological breakthroughs in information and communication technologies simplified the process for distant and otherwise disconnected researchers to collaborate and share their knowledge, equipment, software and other resources (Katz & Martin, 1997; Stephan, 2012) . On the other hand, the economic dependency on knowledge production, importance and interest interdisciplinary research and growing specialization forces individuals to collaborate to create innovations and generate economic growth (Leahey et al., 2017) .
This work follows these contributions and unfolds what factors determine success of knowledge-intensive innovations by teams. Therefore, we analyse the publications in the 5 major marketing journals between 2000 and 2005 to understand how novelty and impact is achieved.
The increase in collaborations imposes two significant changes to the innovation process that are studied in this paper. First, distant team members bring together different networks and brokerage opportunities. But it is not understood how these brokerage opportunities are utilized in a team. To explain the effect of brokerage on novelty we introduce the concept of informal hierarchy. Hierarchical structure affects the selection and generation of ideas (Keum & See, 2014) . Two stages of the innovation process which are determined and driven by brokerage opportunities. The measure of informal hierarchy has not been studied in the context of innovative teamwork and provides novel insight into the field of knowledge brokerage. Second, the relationship between knowledge-intensive innovations and their impact is investigated. It is necessary to better understand the underlying relationship as qualitative studies are limited.
Furthermore, we try to understand if the status of the team affects this impact. Since status might act as a bias itself overshadowing the currently assumed bias against novelty (Mueller et al., 2012) .
We find that a brokerage has an inverted U-shape effect on innovation novelty and hierarchy weakly moderates this effect. We also show that very novel innovations have a significantly lower impact and that status moderates this effect. Such that only the top 1 % is able to overcome the bias against novelty.
To conduct the analysis, we introduce a novel text analysis method -Latent Dirichlet allocation -to measure the novelty of published papers. This method is applied successfully in an unsupervised approach. We verify our results and present an elaborate the method to encourage researchers to follow us.
The remainder of this paper is divided five parts. The second part discusses the literature and develops the hypothesis. The third presents the dataset and deployed methods to create the variables. The results are presented and discussed in the fourth part and implications for practices Another stream of research, however, argues that such positions are characterized by unreliable information and that is harder to mobilize Obstfeld, 2005) . Thus, this stream perceives the benefit in high levels of cohesion. Both streams of research are supported by empirical evidence and are still openly discussed.
Exposure to brokerage opportunities arises from social interaction (Katz & Lazarsfeld, 1966) . This, however, requires that novel information is accessed by interaction (Brass, 1995; Hargadon and Sutton, 1997; Burt, 2004) . Cohesion in a social network, on the other hand, increases the likelihood of groupthink, leading to less novel ideas (Thomas-Hunt et al., 2003) .
But the knowledge broker position is associated with risk. Too many opportunities create inertia and cannibalize the positive effect, as the team is not able to process the available information and exhausts the productive search space (Katila and Ahuja, 2002) . Furthermore, knowledge domains can be mismatched during the pursuit of novelty, resulting in a poor fit (Gavetti et al., 2005) .
The discussion on network positions is not yet completed and redundant ties also have beneficial properties. We argue that a role as a knowledge broker, characterized by the position in structural holes, is associated with the output of more novel innovations. Too many brokerage opportunities, however, are associated with a negative effect on novelty. Consequently, propose the following hypotheses:
Hypothesis 1. Brokerage is associated with an inverted U-shaped effect on novelty.
Informal hierarchy
Collaboration is first and foremost driven by the organizational mechanism of hierarchy (Sidanius et al.,1996) . Teams without a given formal hierarchy inevitably establish an informal hierarchy (Gould, 2002; Tiedens et al., 2007) . Informal hierarchy unfolds spontaneously and rapidly (Blau & Scott, 1962) because individuals have and make instant assumptions about each other's expertise and position during and even before the initial interaction. Hence, they assign a rank to each other on implicit and explicit assumptions (Berger et al., 1972) . One explanation is that informal hierarchy is driven by reputation, defined as the prior performance of team members (Anderson & Shirako, 2008; Gould, 2002) . Group members with a good reputation position themselves, and are positioned by their peers at the top of the group, while individuals with a bad reputation move to the bottom. This intra-group ranking is highly similar between group members, stable, and self-reinforcing throughout the entire collaboration (Anderson et al., 2001 , Magee & Galinsky, 2008 .
A strong diversity of reputation within a team clarifies interactions and responsibilities.
Team members can easily find their "place" (Anderson & Spataro, 2005) . This instantly establishes communication, decision-making, and division of labor. Hierarchy offers structure and guidance to the team during the collaboration; overcoming problems such as miscommunication (Hambrik et al., 1996) . Hierarchical differentiation also improves the likelihood of task completion, as team members are accountable for their tasks and resources are distributed appropriately (Overbeck et al., 2005) . On the other hand, Hambrik (2014) argues that flatter hierarchies could lead to rivalries, driving members apart and hindering the communication in the long term. Such views underline the fact that the findings regarding the effect of hierarchy on the innovation are still inconsistent (Damanpour & Aravind, 2012) .
Following Keum and See (2014) , we argue that hierarchy in a team has different effects on the innovation depending on the stage in the innovation process. During the idea generation, a flat hierarchy is beneficial (Taylor et al., 1958) , while a steep hierarchy benefits the idea selection. For instance, individuals with a good reputation are expected and permitted to direct the decision-making and even decide for the team (Johnson et al. 1998) . During complex decision-making or conflicts in the selection process, this can present the team with an opportunity, while it also carries a risk if a team member continuously overrules ideas by others due to self-promotion (Keum & See, 2014) .
For knowledge-intensive teams to achieve novelty, they must broker distant knowledge.
As discussed earlier, too many brokerage opportunities threaten the innovation process. In such a scenario, a steep hierarchy can be a reliever. Teams members with a good reputation can overcome the inertia or conflict by limiting the options or forcing a decision upon the team and accelerate the decision-making process. A flat hierarchy might further increase complexity in this scenario.
If very few brokerage opportunities exist, the same actions further limit brokerage opportunities and prevent the team from reaching the best solution (Diehl & Stroebe, 1987) .
During idea generation, hierarchy is a risk for the team with limited brokerage opportunites.
Members with a positive reputation will exhibit the same manners regardless of the limitation of available knowledge domains. A flat hierarchy in this context could improve the idea generation as decision complexity or conflicts are unlikely to occur. Hence, a strong difference in reputation only presents the team with a disadvantage in the idea generation.
Research on the effect of hierarchy on innovation novelty is inconsistent. In addition, the effect of hierarchy depends on the stage of the innovation process and the team composition at large.
Nevertheless, empirical research suggests, that hierarchy determines the result of knowledgeintensive tasks. Consequently, we propose the following hypotheses:
Hypothesis 2. Teams' informal hierarchy moderates the effect of brokerage on novelty. So that teams with a non-flat hierarchy will be better at translating great numbers of brokerage opportunities into high degrees of novelty, while teams with flat informal hierarchies will be better at translating limited brokerage opportunities into high degrees of novelty.
Innovation novelty and impact
The creation of innovation depends on the execution of creative tasks. Amabile (1988) defines an innovation as the successful implementation of creativity, the production of novel and useful products. Novelty can be understood as the deviation from the status quo and usefulness as the impact of innovation. Innovation research has applied this definition of creativity in a variety of innovation and knowledge-intensive contexts: awards to identify the impact of biomedical research (Hollingsworth & Stapleton, 2004) , citation counts to identify the impact of patents (Fleming, 2001; Fleming et al. 2002; Singh & Fleming, 2010) , journal impact factor for collaboration impact (Guimera et al., 2005) , and bibliometric techniques and text analysis to determine the novelty of research (Simonton, 1999; Kaplan & Vakili, 2015) .
Innovation is an evolutionary process of knowledge recombination, guided by the search of missing links (Nelson & Winter, 1982; Schumpeter, 1939; Simonton, 2003) . Novelty is achieved by reconfiguration and recombination of previously existing knowledge in a not yet realized manner (Simonton, 1999) . This can be achieved, for example, by introducing knowledge from other domains (Ben-David, 1960; Mullins, 1972; Foster et al., 2015) , as argued in the section on brokerage. This is often observed in marketing literature when models from sociology or psychology are introduced to explain observations. As a result, innovation is a continuous process driven by the creation of new knowledge by utilizing existing one.
Innovation novelty and innovation impact are, however, not achieved at the same process stages. The novelty of an innovation is usually determined at the very early process stages.
Research teams decide to collaborate based on a novel idea that they evaluate as worthy of their resources. The impact, on the other hand, is usually a very late step in the innovation process and linked to the diffusion of innovation. The impact is not purely generated by the innovative output, but also determined by other factors during the diffusion (CIT).
Nevertheless, these two distinct indicators of innovation are seen as interdependent (Fleming et al., 2002; Singh & Fleming, 2010) . Researcher reasons teams, which create more novel outputs, have a higher impact and vice versa. Novelty and impact are thereby two metrics of innovation with a conditional relationship (Yong et al., 2014) . In innovation research e.g., more novel papers and patents, which present new combinations of knowledge domains and enter new territory, have a higher impact (Newman & Cooper, 1993; Schoenmakers & Duysters, 2010) .
However, these results do not account for the bias of bibliometric techniques as presented in the following section. The finding that publications with more knowledge domains have a higher impact emphasizes this assumption (CIT). In addition, other studies have not been able to reproduce these findings (Dahlin & Behrens, 2005; Nemet & Johnson, 2012) . Psychology scholars explain this observation with a bias against novelty (Mueller et al., 2012) . Peers can oppose radically novel ideas as they do not immediately or easily understand them or see established paradigms threatened. Boudreau et. al. (2012) strengthen this position by showing that more novel research proposals achieved lower evaluations by experts.
The novelty bias is also experienced at the output level. Very novel outputs can be perceived as useless if they cannot be integrated in a beneficial way with the status quo. Novelty without any, or limited, possibilities of application may result in a very poor impact. Innovations mainly based on established knowledge can meet a greater need in the environment. They require very limited resource investments to integrate and apply them, resulting in a higher impact (Lee at al., 2015) .
Although novelty and impact are distinct indicators, they exhibit interdependency. While some studies argue that novelty translates into impact and vice versa, a majority of findings oppose this conclusion. The bibliometric methods applied to derive this conclusion have also substantial limitations. Consequently, we propose the following hypotheses:
Hypothesis 3. Knowledge-intensive innovations with a higher degree of novelty generate a lower impact as innovations with a low degree of novelty.
Team`s social status
Not all innovations and innovators receive the desired or expected impact, as evident in the proceeding section. Hence, a knowledge-intensive team has carefully to consider the degree of novelty to maximize the desired impact. This correlation can threaten the willingness to introduce radically novel innovations and consequently limits economic growth and scientific progress.
Therefore, it is relevant to understand how teams can overcome the novelty bias.
Scholars have put forward factors to explain the variation in impact, such as resources (Sorescu at al., 2003) , team size (Chaney et al., 1991) , industry-specific characteristics (Chaney et al., 1991) and style of leadership (Somech, 2006) . Although these factors are important at an organizational level, their significance at the team level is unclear. Knowledge teams are often similar in size and resources. In addition, leadership style affects the team performance but this does not fully explain the strong variation in innovation impact and might be important in an knowledge-intensive setting where equal contribution by members are made. Thus, the impact has to be determined by another factor.
Social science has adopted status to explain and predict the performance of individuals and groups. Merton (1968 Merton ( , 1988 first demonstrated that high status individuals in the academic context are able to acquire the majority of rewards, such as promotions or other career advancements. Stuart et al. (1999) find that young biotech firms achieve public funding faster if they employ a third party that exhibits high status. Status is defined as a "zero-sum relational asset that is possessed by social actors as so far as they are highly regarded by highly-regarded others" (Bothner & Godart, 2009, p.2) . Hence, status is a limited good that is distributed among all parties in the network and is only lost when obtained by another party. Likewise, status transmits itself to the parties around it, so that one's status is also determined by the status of one's professional circle. This definition of status follows the idea of a status as inter-team unity derived from the social network. It is necessary to note that status is a concept that opposes legitimacy and reputation, which are derived from acceptance and prior performance (Dowling & Pfeffer, 1975; Weigelt & Camerer, 1988) .
Scholars explain these effect with two factors: self-efficacy of status and expectation state of status (Nease et al., 1999; Berger at al., 1977) . Self-efficacy is defined as the positive effect of status on the motivation and confidence resulting in a higher performance (Podsakoff & Fath 1989) . Although empirical results confirm this finding at an individual level (Lonvaglia et al., 1998) , research on self-efficacy at the team level is rare. Thus, it is unclear if and how high status team members boost the self-efficiency of low status team members.
Research has put forward another explanation of status expressed by the expectation state theory (Berger et al. 1977, Webster and Entwisle 1976) . This suggests, that individuals behave or are expected to perform in accordance with their status. Hence, status is perceived as a "natural constant" in the network and is "self-fulfilling" (Berger and Luckmann 1966) . In a social network all innovations would achieve the impact that was expected by the network a priori. Teams with a low status are expected to create innovations with a low impact; thus, they are ignored or overlooked by others. Social networks anticipate teams with a high status to generate innovation with great impact and act accordingly. Thus, only teams with high status achieve high impact. A study on the behavior of gang members visualizes this assumption. Whyte (1981) showed that gang members with high status score better than low ranked members when playing bowling. If the low status gang members however played by themselves, they scored higher on average and even exceeded the high scores set by high status members of the gang.
Status, however, can bear negative effects. A number of publications points to the conclusion that high status is related to complacency and distraction. Park et al. (1969) assume that status cannibalizes itself by suppressing personal development and progress, and causes social enfeeblement, rigidity, and results in decay. Recent findings support this warning (Walker & Smith 2002) . In the present research design, this stream of research is neglected as the studied innovations are already introduced and published in a top-tier journal. Thus, we can assume that the negative effects of status did not occur.
Although status leads to decay by cannibalizing itself in the long term, the benefits have been validated. Teams with high status are predisposed to create innovations with greater impact regardless of a novelty bias. Consequently, propose the following hypotheses:
Hypothesis 4. Team status will moderate the effect of novelty on impact. So that knowledge-intensive teams with high status benefit from highly novel innovations, while low status teams forfeit such impact.
DATA AND METHOD

Sample
To test the proposed hypotheses on knowledge-intensive teamwork, scientific publications by teams in the 5 major marketing journals are investigated. Academic teams are chosen to test the hypotheses, as the field of peer-reviewed scientific publication is especially exposed to the burden of knowledge and the trend to collaborate (Wuchty et al., 2007) . The publication of scientific articles has been the subject of extensive research and qualifies as knowledge-intensive work. Third, each publication in a top-ranked marketing journal is a successful innovation by itself. Thus, the sample is homogeneous in regards to the created innovation, allowing for a clear comparison of impact.
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The sample is derived from the scientific citation indexing service mconnectvity.com include only major journals is in compliance with prior research (Stremersch et al., 2007) . The choice of journals and set timeframe ensures that a sufficient forward citation of all publications can be measured. In total, data cleansing results in 837 observations of which 716 publications are created by at least two authors and meet the requirement of knowledge-intensive teamwork.
Detecting Novelty
First, we explain the text analysis technique topic modeling, a statistical method that is used in this context to derive the measurement of innovation novelty. Second, a short introduction to topic modeling is presented and an explanation is given on how the novelty can be determined in two steps. Third, the results from topic modeling are verified.
Traditionally researchers utilize bibliometrics, such as citation analysis to identify innovations or breakthroughs ex-ante. Unlike a manual review of patents or articles by experts, large amounts of data can be gathered and processed rapidly with reproducible results. Dahlin and Behrens (2005) applied citation analysis to tennis racket patents to trace radical innovations.
Bibliometric tools are however blind to the content itself and rely purely on the assumption that a text is reproducible by its citation. While this method still finds application in scientific research (Lee at al. 2014 ), a variety of concerns are expressed. For one, not each citation in the publication is translatable into a direct and useful research input (Moravcsik & Murugesan, 1975 This is achieved by exploiting the correlation between words and latent semantic themes across the documents (Blei et al. 2003) . These latent semantic themes are referred to as topics, a probability distribution over the words in a corpus. Figure 1 demonstrates a graphic representation of a topic, whereby the size of a word is related to its probability.
-----Insert Figure 1 -----
Blei (2012) explained the technique as a reversion of the generative process to create a document. An author creates a text from a set of terms to transport her idea to the reader. These terms are not chosen randomly but rather specifically based on the objective of the text and the different subjects in the text. Topic modeling revises this process and assigns the words once more to their original state, the topic. The order and stop words binding the original text are considered as irrelevant for classification by human or machine. Topic modeling uses these assumptions to make large amounts of text easily accessible. Subsequent methods can then use this output to measure the novelty. This method and its variations remain highly complex to handle but were successfully implemented to classify, categorize and detect novelty in scientific articles and patents by unsupervised and supervised analysis (Berry & Kogan, 2010) .
The generative LDA model obtains the topic-document distribution and topic-word distribution from Dirichlet distributions (Blei & Lafferty 2007) . The Dirichlet distribution is the multivariate generalization of the beta distribution and is commonly applied as the prior distribution in Bayesian statistics. It can be described as the explanation of an observation by latent variables that utilize the similarities in the observation set. The plate notation in Figure 2 is a graphic representation of the hierarchical Bayesian model Latent Dirichlet allocation.
-----Insert Figure 2 -----
The plate D denotes the documents within the data, whereas the plate N denotes the words within each document. The plate K denotes the number of topics and has to be defined prior. The plates represent a repetitive determination process over the nodes. The shaded node w denotes the observation set or the words within each document, within the set of observations. The unshaded nodes denote the latent or unobserved variables. Node ϕ is the distribution over words for each topic k. The node z is the topic assignment of words to documents and the node θ the document per-topic distribution, for each document d and each word i. Both these probability distributions are discrete. Node α and β are ex-ante defined hyper-parameters of the topic modeling. α is the Dirichlet prior for θ, also referred to as topic smoothing. β is the Dirichlet prior for ϕ or term smoothing. The arrows represent the direction of dependencies between the variables and the mathematical proceeding. The nodes α and β are the initial parameters that determine the subsequent latent variables or unshaded nodes to recreate the observed set or words within each document.
The measure of novelty is operationalized by the dissimilarity of an abstract`s topic distribution. This operation is conducted in two steps: 1) Determine the topic distribution for each abstract of an article in the sample using topic modeling. 2) Determine the novelty of each publication in the sample by measuring the Hellinger distance between its distribution and the prior knowledge. The Hellinger distance is used as a measure to identify similarity, and prior knowledge is required to identify the deviation of similarity.
To determine the novelty of scientific article it is necessary to compare it to the prior knowledge. The prior knowledge is set as the five-year moving time window of publications in the same five journals before the focal publication. Hence, articles published in the same year are considered as simultaneous innovations. As each year of publication has different sets of prior knowledge it is necessary to run five separate topic models, one for each year. A five-year moving time window is chosen to retain a similar bulk of prior knowledge. Furthermore, it ensures the robustness of the topic distribution among the different years, inasmuch as the same hyperparameters for α, β, and K are better applicable for each topic model. The decision to choose the abstracts rather than the complete publication is based on the computational complexity of this method.
The topic modeling technique is executed in three-steps: data cleansing, parameter definition, and verification of results (Gruen & Hornik, 2011 (Griffiths et al., 2005; Wallach, 2008) , resulting in K = 100 topics. Second, the parameters α and β were determined. A test of Kulback-Leibler divergence confirmed the common and advised practice to set them as 50/K and .01 respectively (Gruen & Hornik, 2011) .
In the last step, an unsupervised test is executed to verify that the topics are humanly interpretable and the allocation of topics to documents is meaningful. Therefore, we added 6 articles from a special issue on global marketing 5 to the sample. The unsupervised test reveals that each article from the special issue deflects at topic 26 with a probability of larger than .05 (see Table 1 ); 0.3 above the threshold that Kaplan and Vakili (2015) used to detect a topic. This topic is shown in 2 The pre-defined stop words in the R package topicsmodels used. 3 Stemming is a process that transforms the words into their roots. 4 E.g. the noun market, verb market and noun marketing are stemmed to the same root while these terms have completely different meanings. 
-----Insert Figure 3 ----------Insert Table 1 -----
In the second step, the novelty is derived by calculating the mean Hellinger distance of the 5 most similar topic distributions from the prior knowledge for each abstract in the sample. The
Hellinger distance is chosen to determine the novelty of a scientific article as it is commonly used as a measure of similarity (Blei & Lafferty, 2007) . Thus, we operate under the assumption that dissimilarity is an indicator of novelty. The mean Hellinger distance of the 5 closest articles is used for two reasons: 1) The mean deviation from all prior knowledge would omit the information of similar publication due to noise. 2) One very similar article, however, does not confirm that an article is common knowledge in the community. It is rather the mean distance to a few articles that best suggests if the publication is novel. A robustness check with the 10 closest prior articles was also conducted and verified our findings. For two discrete probability distributions P(p1, … , pi) and Q(q1, … , qi) the Hellinger distance is defined as:
The term √2 in the Hellinger distance ensures that H(P,Q) ≤ 1.Thus, the Hellinger distance for a discrete probability distribution ranges between 0, a complete similar publication and 1, a completely novel publication.
Variables and Controls
The following section introduces the other variables and controls. The measures are adapted from existing literature and validated scales. Only for informal hierarchy, a new measure is introduced, as no existing measure from prior research was applicable. In addition, the network variables brokerage and status are computed from the complete network spanning 49 journals and 38 years to create a complete picture from the inherent network information.
The second dependent variable impact is operationalized by forward citations. This measure is commonly used by scholars when utilizing patents or publication to track innovations (Martin & Irvine, 1983; Moed, 2010; Wang, 2014; Lee et al. 2015) . Thus, a five-year moving time window of citation counts is used to measure impact. This standard is however not undisputed (De Bellis, 2009 ). In addition, considering the errors in using short citation time windows an eight-year moving time is implemented as a robustness check (Wang, 2013) .
The independent variable of brokerage is operationalized by the access to structural holes.
Since this thesis focuses on teams in a network of individuals, teams are aggregated for each computation (Hansen et al. 2001 While constraints over one are in general rare, they were very common in this data set due to the small networks of the team. Following Burt´s (2004) suggestion the measure was normalized in a second step, by dividing each value by the maximum score. The constraint for isolates was then set to 1. In the last step, the measure of constraint was transformed to brokerage, by subtracting the constraint from 1.
The independent variable of team status is operationalized by the measure of Bonacich power centrality. This measure is used widely in empirical research (Ballester et al., 2006; Hannan et al., 2003 ). Bonacich's (1987) measure fits the definition by making status a zero-sum variable and accounting for the idea that the status of a team affects the status of the direct neighbors, as status flows throughout the network. Following the explanation of the variable brokerage, status is measured by folding all individuals of one team to a single node for each computation, whereas a tie is again defined as a prior collaboration. Status is defined as:
R represents the flows of status from team i to the first neighbors j and / is the score of these neighbors. Following Bonacich (1987) the scaling parameter α is set such that the sum of squared scores is equal to the number of vertices. The attenuation parameter β determines the extent to which status is contagious in the sense that it diffuses through social relations (Bothner et al., 2010) . In compliance with prior research, β is set equal to D E of the largest normed eigenvalue of R (Podolny 2005) . A lower ratio of β would decrease the status induced by the surrounding and a higher value would increase the sensitivity of the measure to the external surrounding.
The independent variable of informal hierarchy in the team is operationalized by the diversity of citation counts in the team. Citation counts are an intuitive measure in this context as scientific teams are well aware of the prior publications of each member and the impact in the scientific community. Prior research widely applies citation counts to measure reputation, the driving factor in the ranking process. Diversity is measured by the normalized Herfindahl index.
This decision follows the argumentation of Harrison and Klein (2007) to use a measure of disparity for reputation. The normalized Herfindahl index ( F ) is defined as:
Where N is the number of observations and s the number of citations for each team member i. H is the normal Herfindahl index and computed in the first step. Thus, the normalized Herfindahl index ranges from 2 F to 1. We transform the normalized Herfindahl index by subtracting it from 1. Thus, a team with a completely flat hierarchy has a value of 1.
The model is controlled for a variety of measures to isolate the effect of the independent variables on innovation novelty and impact. The control variables include group specific and publication specific control measures. For group specific controls, the number of authors is considered, as larger groups are associated with higher impact publications (Lee et al. 2015) . For publication specific controls, number of pages, number of words in the title, number of references, the publishing journals, age of publication and won awards are considered. The number of pages (length of the article), words in title and references are strong indicators for the complexity of the article and suggest thereby more novelty. The publishing journal is added to consider that a journal might be more willing to accept novel publications. Awards can be achievements for various reasons. In general, they indicate that the recipient formed and carried a field of research. In the long term, this leads to an increase in citations as articles commonly name the highly recognized researcher in the respective field and thus possibly skew the measure of impact.
RESULTS
Sample
The variables were determined from a set of 837 observations. However, these observations include single authors that do not qualify as teams. Hence, all publications by single authors are omitted from the data set before the analysis, resulting in 716 observations. Table 2 summarizes the variables and Table 3 presents the Pearson´s correlation coefficient of the variables. Since the variable journal is categorical, it is excluded from the correlation test. Table 2 shows that the average citation count of a scientific article in marketing is 23. The standard deviation is 25 citations and suggests a strong spread in the data. The novelty of the articles ranges from .16 to .55 with a standard deviation of .048. The average ability to broker knowledge is .81, showing that only a few teams have the ability broker knowledge. The mean team status is 4.6 with a maximum of 20.6. Thus, teams tend to have a hierarchal structure.
-----Insert Table 2 -----
The Pearson's correlation coefficient matrix in Table 3 shows a very weak correlation for almost all dependent and independent variables. Thus, multicollinearity is not a problem and the results can be clearly interpreted (Farrar & Glauber, 1967 ).
-----Insert Table 3 -----
Overcoming the novelty bias
Following the research on brokerage, the first question is if too many or too few brokerage opportunities can limit the innovation novelty and if hierarchy moderates this effect.
To test H1 and H2 we use an ordinary least squares regression. Table 4 summarizes the regression results. First, in column 1 only the controls are included and show that the number of words in the title, pages and references have a significant effect on novelty. In addition, the journal Marketing Science has the strongest positive relationship with novelty, suggesting that this journal tends to choose rather novel publications.
-----Insert Table 4 -----
H1 argues that the ability to broker has an inverted curvilinear relationship with novelty.
In columns 3 we test if this relationship exists and find a significant curvilinear relationship with an adjusted R 2 of .197. In column 2 we test also for a linear relation and report a significance level of p<0.1. Thus, we concluded that the relationship is curvilinear. Figure 4 displays this relationship with the lower and upper .95 confidence bounds, with all other variables held at their means. It shows that innovation novelty is lowest to the extremes. This verifies the assumption of an inverted U-shape relationship. While medium levels of brokerage exhibit the largest levels of novelty. Thus, we concluded that H1 is confirmed.
-----Insert Figure 4 -----
H2 argues that informal hierarchy moderates this effect. We hypothesize that teams with a flat hierarchy achieve more novelty when presented with few brokering opportunities, compared to teams with a steep hierarchy. While teams with a steep hierarchy are better able to achieve novelty when too many brokerage opportunities are present. Column 4 shows the regression results for the hierarchy without the interaction effect, reporting no significant relationship.
Colum 5 displays the interaction effect and reports a weak moderation effect with a significance level of p<0.1 and an adjusted R 2 of .213. Figure 5 shows the predicted moderation effect with the mean hierarchy and first standard deviations, keeping all other values at their mean. The upper standard deviation of 1 indicates a flat hierarchy and the lower standard deviation of .48
indicates a steep hierarchy in the team. The effect follows the assumption in H2. Teams with a steep hierarchy are not able to achieve innovation novelty with limited brokerage opportunities but manage to achieve a higher novelty when an excess of brokerage opportunities exists. While teams with a flat hierarchy show that they are better able to translate limited access to structural holes into novelty but fail to create novel innovations if too many opportunities arise. Thus, the anticipated relationship is reported but only with a significance value of p<0.1. Thus, H2 is weakly confirmed and requires further investigation.
-----Insert Figure 5 -----
Brokerage of knowledge
To test hypotheses H3 and H4 a negative binomial regression is used to account for the dispersion of innovation impact, measured by foreword citations. Table 5 summarizes these regression results. First, in column 1 only the controls are included and show that the age has a significant negative effect on impact. Awards, references, publishing journal and pages have a significant positive effect on impact.
-----Insert Table 5 -----
H3 argues that the impact of the innovation will decrease with increasing novelty. Column 2 tests this hypothesis assuming a linear relationship, whereas column 3 tests for a curvilinear relationship. Column 2 shows that no linear relationship exists between novelty and impact.
Column 3, however, shows that a significant negative curvilinear effect is present with a loglikelihood of -2,783. This finding suggests that a novelty bias is present. The curvilinear relation of novelty on impact is due to the fact that novelty is intangible. Thus, a certain level of novelty (≈.3) has to be present before novelty is perceived negatively. Thus, we concluded that H3 is confirmed. and .99 status quantiles, with all other variables held at their means. The inverted curvilinear relationship highlights that the majority (lowest 90%) cannot achieve greater impact with highly novel ideas. Only the top 1% of teams are able to translate novelty into impact. It can also be seen that the lowest 90 % even achieve less impact when publishing innovations that exhibit low levels of novelty, but all teams are almost on par regarding innovations with average novelty.
-----Insert Figure 6 -----
Appendix 1 presents the same regression table with a citation count over 8-year as the dependent variable and suggests robust results. Thus, it is concluded that H4 is confirmed.
-----Insert Figure 7 -----
Discussion and Implications
These findings contribute to innovation literature in a number of ways: 1) New insights into knowledge-intensive teamwork during the innovation process is provided. 2) Further empirical evidence is contributed to the discussion on the effect of brokerage on innovation novelty and the effect of innovation novelty on innovation impact.
3) The moderation effect of status and informal hierarchy is introduced into the context of innovative endeavors and knowledge-intensive work. 4) An improved and unsupervised measure of innovation novelty is successfully deployed, by utilizing the text analysis technique topic modeling. In the following these contributions are presented, the relevance of the empirical results discussed and the resulting implications explained.
We present, to the best of our knowledge, the second implementation of topic modeling to determine innovation novelty in the management literature. In addition, we improve upon the pioneering work of Kaplan and Vakili (2015) by not using a threshold to detect if a topic is present or not. The presented approach also incorporates a set of prior knowledge to better identify dissimilarities from the current status quo.
The first regression analysis shows that the ability to broker information in a team is associated with an inverted-U shape effect on novelty. These findings confirm prior results and the first hypothesis. Knowledge brokerage is associated with a benefit based on the ability to access otherwise disconnected information. This result match prior finding, and adds to the stream of research on the effect of brokerage on innovation novelty. Thus, diverse teams from different positions in the network with access to structural holes and dense clusters achieve the greatest levels of novelty in the innovation process. A position that can be considered an extreme will not result in more innovative work.
Furthermore, we revisit the neglected research on the effect of hierarchy on the innovation process and tests if it moderates the effect of knowledge brokerage on novelty. Following Keum and See (2014) it is argued that the hierarchy can affect the steps idea selection and idea generation and thereby moderates the effect of brokerage on innovation novelty. However, we only find a weak significant relationship. The findings suggest that teams with a steep informal hierarchy are better able to broker a large amount of disconnected knowledge. But these hierarchal teams perform worse than teams with a flat hierarchy if only very few brokerage possibilities exist. Thus, it is recommended to choose team members not based solely on their
reputation or on what knowledge heterogeneity they add to the scientific endeavour, but consider these factors simultaneously. Since these findings are based on a weak significance they have to be treated with caution and require further research.
We add empirical evidence to the current debate on the existence of a bias against novelty. The findings confirm that more novel contributions are punished by peers and achieve less impact on average. Furthermore, only the top status teams are able to overcome this bias.
These findings have practical implications for scholars. While our field of research preys the necessity of innovation we ourselves lack the ability to acknowledge it. Only high status teamsthe top 1% in the network -are able to publish scientific work with low and high levels of novelty without sacrificing impact. Thus, shifts in the scientific landscape depend on these authors, limiting the progress of the community. The inverted U-shape effect for all lower status teams suggests that on average the scientific community is actively looking and more interested in novel work. Thus, novelty in knowledge-intensive work is on average encouraged.
Limitations
Despite our contributions, some limitations have to be expressed. The research was conducted in a very narrow stream of research and is only applicable to the team level. The transferability of the results to other teams outside the research community and other knowledge domains has to be questioned. Patents citations e.g. are unlikely to be cited based on the status of the team. In addition, the impact is measured by the forward citation, hence determined by peers.
Our work has presents a limited scope that has to be further investigated for different environments, types of innovation and users.
In addition, the process of data exploration showed that a large portion of scholars did not publish in any other marketing journals prior to their publication in one of the top-tier journals.
Suggesting that some teams consist of authors that are unexperienced PhD students that publish with their academic advisor. Thus, we must take into consideration that some social network information might be omitted by only having collaborations on the journal level in our sample. If this is the case the measure of status might be skewed. Furthermore, the variable informal hierarchy is based on empirical findings but has yet to be applied in other research to see if it is robust.
The last limitation is that the variables a too complex for a clear interpretation. The scale of e.g. novelty does not allow for a clear differentiation on what qualifies as a breakthrough.
Hence, the give implications are not easily applicable in the professional environment. Moreover, the variable of novelty is based on various assumption and parameters that interdependent. Thus, the best model fit cannot be identified with certainty. The utilization of the same parameters for all six topic models can be also an erroneous decision.
Concluding these findings, we can summaries that this paper provides further empirical evidence to existing discussions and opens new doors for further research. Scholars should especially concentrate on the moderation effects established in this research. Furthermore, we call out all scholars to apply the topic modeling technique in their research to establish a best practice and overcome the bias and drawbacks of classical bibliometric techniques. 
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